ABSTRACT. Peer-to-peer lending, as an alternative to classic bank loans, has become popular all over the world. On the basis of the conceptual characteristics, it can be expected that loans should be more advantageous from the view of costs. But as the studies describe, there are significant differences due to the factors, which can be affected by borrowers with the aim to get funded. We have examined the role of the particular factors, as part of provided data by borrowers for the decision-making process by investors in the dataset from the peer-to-peer lending website Bondora, managed by the Estonian company Isepankur. With the method of the multinomial logistic regression model, we described the importance of borrowers' decisions and their effects on funding results. The debt to income rate is the most significant variable and the highest negative impact is reached by the home ownership type variable. There are 28 factors with a nonnegative impact and 20 factors have a negative influence.
Introduction
Despite the existence and still remaining popularity of classic banking loans there has always been a place for the concept of interpersonal loans. In the course of information technologies' evolution, especially during the last decade, this concept has been transformed to an electronic form. This shift of interpersonal loans to electronic markets where traditional intermediaries may be less important or even redundant for the economic interaction of Gavurova, B., Dujcak, M., Kovac, V., Kotásková, A. (2018) . Determinants of Successful Loan Application on Peer-to-Peer Lending Market. Economics and Sociology, 11(1) , 85-99. DOI: 10.14254/2071 85-99. DOI: 10.14254/ -789X.2018 
Literature review
When decision makers in position of investors consider a particular offer, they rarely have perfect information about potential transaction partners (Grčić Fabić et al., 2016; Jovanović et al., 2016) . They have to decide whether to engage in the exchange and about the terms using the best information available (Sonenshein et al., 2011; Cipovová and Belás, 2012; Hagyari et al., 2016; Bożek and Emerling, 2016; Jonek-Kowalska, 2017) . One of the problems in online peer-to-peer lending is information asymmetry between the borrower and the lender what might result in adverse selection (Akerlof, 1970) . In the context of peer-topeer lending it means that lender does not know the borrower's credibility as well as the borrower does (Emekter et al., 2015) . As it is a still new way of investing and borrowing money, the anonymity of the online peer-to-peer lending market may cause borrowers to exhibit greater uncertainty based on information asymmetry (Luo and Lin, 2013) . This could be reduced by regular monitoring of transactions what is possible regarding electronic records (Gąsiorowski, 2016) . On the other hand, the nature of peer-to-peer lending means that such a recording of data describing interactions may not be possible, as the majority of all the loans are one-shot events. That is, borrowers usually apply for and receive a loan just once (Feller et al., 2014) and analysis is rather difficult, moreover some authors say it is not available . Basically, investors in peer-to-peer lending compose their decision on the basis of two data types -hard and soft data. Hard data is defined as providing accurate information as it is able to strictly quantify it, simply to record and to store it and effectively transform (Petersen, 2004) . In the context of peer-to-peer lending information like credit score can be included to this group, reflecting accumulated financial interactions across a range of domains (Feller et al., 2014) . The information is provided as evaluation of the peer-to-peer lending platform or the external agency with an aim to provide more trusted information. Other historic data concerning the applicants' previous financial behaviour involves for instance the past delinquencies and their performance or more positive information about the past fully repaid loans. Classic information, which borrowers provide, are also income in the form of accurate sum or interval, sometimes selected into a few groups, data about monthly costs, homeownership status and information about their past and actual jobs.
While hard information is usually obligatory, it is voluntary to provide also soft information. But as the studies prove, soft information can support to create trust and complement hard information. Through them borrowers can diminish information asymmetry the market participants.
In addition to the required information for borrowers on individuals, there is an opportunity to make other information transparent in the context of its loan description. In the trust terms, providing additional information may reduce information asymmetry between borrowers and lenders, (Feller et al., 2014) and so can be interpreted as a gesture of benevolence intended to convey a borrower's strong intentions of repayment (Pötzsch and Böhme, 2010) .
There have been identified three basic dimensions of optional soft data: -additional credit information; -personal or humanising information; -direct appeals made to lenders.
Effect of provided information on funding probability
Applied amount is the first aspect among the basic factors with very strong effect on successfulness of application for a loan. In general, investors prefer request for lower sums than the ones with higher sums, which are connected with higher level of risk naturally (Herzenstein et al., 2008; Ravina, 2008; Barasinska, 2011; Herzenstein et al., 2011; Pope and Sydnor, 2011; Sonenshein et al., 2011; Constantinescu and Drăgoi, 2015; Michalski, 2016) .
The second important factor is acceptable interest rate offer for borrower (Freedman and Jin, 2008; Herzenstein et al., 2008; Barasinska, 2011; Sonenshein et al., 2011; Sanusi et al., 2017) . As it was written by Qiu et al. (2014) , borrowers's decisions -loan amount and interest rate -will determine whether loan will be successfully provided or not. As the studies show, investors like more applications where interest rate is higher due to the natural character of investment process and also because higher interest rate can sign that borrower believes, according to the data, that offer will attract enough investors which via their bids cause decrease of offered interest rate.
The third basic factor with strong influence is duration of the loan with the positive effect -raising duration means raising the probability of funding loan (Hildebrand et al., 2010; Barasinska, 2011; Feller et al., 2014; Žurga, 2017) . This effect is partly caused by lowering the risk as the long duration has the effect of lower monthly payments which brings lower risk of later payments in comparison of the same loans in the shorter period. Some authors claim that the purpose of the loan, explicitly the aim to use the loan as entrepreneur, can have negative effect on the probability of funding (Herzenstein et al., 2008; Pope and Sydnor, 2011; Sonenshein et al., 2011) . On the other hand, the other authors identify positive effect of the information (Ravina, 2008; Barasinska, 2011; Bánociová and Martinková, 2017) .
Moreover, there is also opinion that investors do not react very strongly to the stated purpose of the loan (Pope and Sydnor, 2011) .
One of the main significant aspect is also impact of the debt-to-income ratio in the meaning that it raises funding probability negatively (Herzenstein et al., 2008 Hildebrand et al., 2010; Weiss et al., 2010; Pope and Sydnor, 2011; Sonenshein et al., 2011) .
Controversial effect is discussed for the factor homeownership status. Some studies claim its positive effect (Ravina, 2008; Hildebrand et al., 2010; Weiss et al., 2010; Herzenstein et al., 2011) as it is indicative of stability and a prior ability to access credit to obtain a mortgage . But general opinion of investors varies as an estimated value can widely differ from the market value in the case the value of flat or house is not proved by external agency.
Rating evaluation is recognised as very significant factor and as it is natural, the better rating, the better chance to be funded (Herzenstein et al., 2008 Ravina, 2008; Weiss et al., 2010; Barasinska, 2011; Pope and Sydnor, 2011; Sonenshein et al., 2011) .
Data about past or currently not fully repaid credits are not very significant in general. Some papers show slightly negative effect of bankruptcies or presence of other credit lines (Ravina, 2008; Weiss et al., 2010; Sonenshein et al., 2011) .
Information describing education is identified as not significant (Ravina, 2008; Herzenstein et al., 2011; Gavurova et al., 2017) , but some types of information about employment can help application for a loan, like for instance longer duration of employment. Different knowledge about the impact of employment status was presented, while the retired and unemployment statuses cause according to the findings positive effect on probability of funding (Ravina, 2008; Herzenstein et al., 2011) . On the other hand, Barasinska (2011) claims its negative effect what can be caused by the different data applied -the Prosper data versus the Smava data.
About the gender and age, Pope and Sydnor (2011) show that these aspects, together with other personal characteristics like weight, race, appearance and other personal characteristics, seriously impact successful rate and so there is proved discrimination on the platforms of peer-to-peer lending markets.
So, during last years, a number of research analyses have been made identifying the effect of provided information on funding probability. But, most of them focus just on the behaviour within one online platform. To be able to accept the rules generally, there is a need to identify new available data and compare the findings with the others authors, describing the borrowers and investors in other countries using the different platforms, as their specific attributes can significantly influence the final outputs.
Data and methodology
In the previous sections, the findings from the studies focusing on personal transparency and lending behaviour on the peer-to-peer lending platforms are described. The relations are defined on the base of the data from a range of the platforms, including mainly Prosper available on https://www.prosper.com and Smava on https://www.smava.de, which are most popular for the research purpose. As the next step, we propose to use the data from the other platforms for the same purpose what would bring new findings and enable us to define whether these relationships are consistent across the whole peer-to-peer lending environment. It means, if the effect of the particular type of the data is the same without dependence of the specific tools presence provided by the particular platform. 
Data
For the purpose of our research, we identified as suitable the data from the Estonian company Isepankur. It is provider of the platform Bondora which is one of the leading platform for investing in European personal loans. Since 2009, they have processed over 400 million euro of loan applications from prime and near-prime borrowers. Till today, more than 9 000 investors from 37 countries have funded 35 million euro in loans and received over 4 million euro as interest payments. Bondora was one of the first platforms which enable cross-border lending. Nowadays, people from all the European countries can invest through it and people from four countries can apply for a loan. The dataset describes applications for a loan for the time period since 2009, when Bondora came to the market, to the end of 2015. Each case is described through 201 characteristics. We chose just of some of them which are relevant for application for a loan and known at the moment when borrower submit demand for money. Format of some factors was changed in an appropriate way. Finally, there were 46 916 records in the dataset. This makes the potential outcomes from the analysis relevant. Source: own elaboration by the authors.
In the next step, we applied the process of the data preparation -clearing of the invalid records, transformation and reduction we got the final data base, including 43 515 records. For our purpose -to analyse factor impacting decision of investors -we assumed our database as suitable. There are 25 874 successful loan applications and 17 461 unsuccessful loan applications in the dataset.
Methodology
There are several tests performed to verify the desired outcomes -the analysis of variance (Fischer, 1921) , the sensitivity analysis in form of the regression analysis (Birkes and Dodge, 1993) and the test of residuals normality (Jarque and Bera, 1980) . Firstly, the analysis of variance was performed -in order to identify, if there is the impact of the variables on the investors' decision, the analysis of variance was chosen in order to analyse the differences among the group means.
There are these hypotheses verified:
The null hypothesis H0 was tested on the chosen level of significance α. It represents a state when for every real x, which all the selections are from the same distribution for. Against, the alternative hypothesis H1 stands -it means at least one selection is different from the others. If the p-value is lower than the selected significance level, the null hypothesis is rejected. In this case a five-per-cent significance level is applied. This means that the difference between at least one pair of median values calculated from the sample is too large, it can only be the result of random selection -therefore, it is statistically significant. Hence, there is a relationship between the variables. If the p-value is equal to the significance level or greater than the significance level, the null hypothesis cannot be rejected. This implicates that the difference between each pair calculated from the median values of the sample can only be the result of a random selection. Therefore, it is not statistically significant -there is no relationship between the variables.
Secondly, the sensitivity analysis was performed. The logistic regression was the selected form of this analysis to be accomplished. This decision was made according to the character of the source dataset and the observed dimensions. The dependent variable is represented by the information whether an application for a loan was funded or not. This represents the binary stats of the explored variable. That is why, the decision to examine the logistic regression was done.
In general, the logistic regression approach is preferred against the casual type as the casual type is not suitable for the purpose of the analysis. Also, there are the authors who proved its suitability through an application to the data from the other peer-to-peer lending markets (Zheng et al., 2014; Puro et al., 2010) .
The logistic regression is based on the cumulative logistic probability function described as (Pindyck and Rubinfeld, 1997; Kovacova and Kliestik, 2017) :
where the variables mean:
-z -dependent variable; -e -Euler's number. The formula describing probability of funding, as z is dependent on the set of the variables (Pindyck and Rubinfeld, 1997):
where the variables represent: -z -dependent variable; -0 -constant value; --estimated regression coefficient of the ith variable; --the ith variable; -n -number of variables.
There are 27 variables involved in the analysis, that is why n is equal to 27 in this case. The two types of the dimensions are involved in the study -discrete variable and continuous numerical variable. The discrete dimensions are represented by the factor variables. There are 20 continuous numerical variables and 7 discrete variables. They are listed in Table 2 . Thirdly, testing of the residuals was performed. It is needed that the values of the residuals have to come from the normal distribution of probability. To determine the appropriate methods of testing the impact of the input variables, it is obligatory to assess whether the data sample meets the conditions of the residuals normality.
Analysis
The test of normality, by the Kolmogorov-Smirnov test, showed us that almost all the variables in the dataset were not normally distributed. As the next step, correlation analysis was made on the base of the method of the Kruskal-Wallis test, which is an extensive form of the MannWhitney nonparametric test and it represents an alternative to the one-way analysis of variance. Source: own elaboration by the authors.
As seen, in Table 3 , the p-values of the test statistics of the individual variables conducted by the Kruskal-Wallis test confirm the expected state. These values except for one reject the null hypothesis meaning the samples come from the same probability distribution. Therefore, it can be stated the difference between at least one pair of medians calculated from the sample is too large to be only the outcome of random selection. Hence, it is statistically significant meaning there is a relationship between the variables.
The test confirmed the prediction that the input variables have impact on the output variable -the decision of investors if they will fund the borrower or not. But according to this analysis, another important issue was found out too. Some pairs of variables have too high correlation rate. For that reason, we started to remove one of such pairs, until all the correlations rates were under 0.3. This border was set as sufficient, as this rate is the boundary between medium and low rate of correlation. After this process, there is a set of the following variables described in Table 2 .
Following that, the first regression model was made. Its prediction rate is at level of 78.8%. The first model included the several insignificant variables. Hence, we started with their reduction. After the several steps, the final model was composed -with the prediction rate at level of 79.6% -including only the statistically significant variables with the p-values under level of 0.1. Source: own elaboration by the authors.
As it can be seen in Table 4 , the prediction rate of the model was better for the cases, when application for the loan was successful, as there was a share of 87% of the right predictions and in the cases of not funded, only a share of 65.9% was correct. Table 5 demonstrates the estimated regression coefficients of the variables involved in the final regression model, hence their impact on success of application for loan is visible. Source: own elaboration by the authors.
In Table 5 , the elementary statistics data for the final version of the logit model. As it is seen, the categorical variables were split into the several dummy variables to be possible to assess their impact on the dependent dimension -success of application for a loan. The column β demonstrates the estimated regression coefficient describing the impact on the output variable. According to the values in the column with the coefficient of statistical significance, based on the Wald test, it is seen that all the variables have significant impact on the dependent dimension, as their values are lower than the significance level.
The most significant variable is the debt to income rate with the estimated beta coefficient at a level of 5.74. The highest negative impact is reached by the home ownership type owner -at a level of -1.87. Altogether, there are 28 factors with a non-negative impact in the model, whilst 20 factors have a negative influence. Only two factors are not statistically significant -the education status higher education and the number of children and dependents.
Results and discussion
The analysis brought the various conclusion for the factors, which has been previously tested by the other authors. Some effects were proven, some disproved and the other still remain not fully understood in the context. In the process of investment decision making, the lender tries to gain as much information as possible to assess in the best way the profit and its probability to be reached. One of the aspects the investor focus on is the history of the borrower in whatever a point of view.
The variables, which describe the borrower's behaviour, on the peer-to-peer lending platform seems to be irrelevant for the investors, as previously applied amounts either number of previous applications have no impact on its potential to be funded. But this can be caused also by the structure of the database, in which the majority of the transactions are just onetime actions, not regular activities what would generate enough data needed for deeper analysis.
On the other hand, significant effect of the historical behaviour outside the platform can be seen via the variable describing previous credits and loans. It has to be highlighted that the only significant factor is count of other credits, not their amount, just as was the conclusion of Hildebrand et al. (2010) .
Another widely discussed factor reflecting the history of borrower is rating. As expected, the better is rating class, the higher is probability of successful listing, as was proved by most of the authors in the field.
The debt to income rate is another factor reflecting the background of the borrower. It is usually considered as very significant. Its estimated beta coefficient reaches value of 5.74 making it the most significant variable from this point of view. Such a fact was proved also by our study, as well as studies based on the Prosper data (Herzenstein et al., 2008 Hildebrand et al., 2010; Weiss et al., 2010; Pope and Sydnor, 2011; Sonenshein et al., 2011) . Obviously, there is the question, which one of the composing variables -debt and incomehas higher significance in this context. As it can be seen in the table of the analysis outcome, none of the income type was identified as significant in the model what is the opposite in comparison with the conclusions of the analysis of the Prosper data (Ravina, 2008; Hildebrand et al., 2010; Herzenstein et al., 2011) .
On the other hand, liabilities seem to be effecting the status of funding. As it is demonstrated, also the personal characteristics of borrower are perceived as important information to the investors.
The gender discrimination was proven, as seen in Table 5 , while women have higher successful rate when applying for a loan on the platform Bondora, what complies with the findings of Pope and Sydnor (2011) . Estimated coefficient of 1.08 belongs to male gender, whilst estimated coefficient of 1.17 is assigned to female gender.
And as it was found out, person with higher education achieved, have better probability to be funded. History of borrowers is analysed also from the point of home ownership, what was identified as the factor with a significant impact, the same as on the Prosper data (Hildebrand et al., 2010) . All the variables possess negative impact on the dependent dimension --0.39, -0.24, -0.24, and -0.04 -from basic education through vocational education and secondary education to higher education. One of the main significant factors, identified by the other studies too, is the applied amount of the listing for the loan. According to the studies based on the Prosper data, the investors do not prefer listing with high applied amount (Herzenstein et al., 2008 Ravina, 2008; Barasinska, 2011; Pope and Sydnor, 2011; Sonenshein et al., 2011) . But the finding coming from this analysis is that the factor does not effect -positively or negativelythe probability of successful listing.
Another interesting point also from a psychological angle of view, based on the theory of risk aversion, is that higher investment brings higher risk for the investor. But, as it is seen in the outcome table above, the prediction saying that the higher is interest rate, the higher is probability of being funded, was proven. It complies with the other studies (Barasinska, 2011; Freedman et al., 2008; Herzenstein et al., 2008; Ravina, 2008; Pope and Sydnor, 2011; Sonenshein et al., 2011) . The estimated coefficient of the interest rate variable is at level of 0.34.
As the important dimension the trust rate of provided information by borrower was identified too. It was identified via the factor of the verification type. The most interesting state of this variable is the status 0 which means income unverified. It has a higher positive effect on the probability of being funded than level 1 meaning the status income unverified and cross-referenced by phone with the estimated coefficient of -0.31. We should also think about the possible reasons, why the status 2 income verified has a significantly better impact for borrower at estimated level of 2.07 than the status 3 income and expenses verified with the regression coefficient of -0.43.
Conclusion
This study is focused on the particular type of crowdfunding concept which has become more and more popular during the last decade, what is the reason that there is coming out the natural need to pay more attention to this field of funding, also in the form of the behaviour analysis within the electronic platforms which mediate networking between the demand side of the market and the supply side of the money market. Through the performed analysis, we tried to give an opportunity to improve the concept and its processes clearer, mainly from the view of the factors effecting the probability of the successful loan listing. There were the several general rules found out that can be observed without the limits of the geographical borders or the cultural boundaries -like for instance, applied amount or interest rate are. On the other hand, some of the effects, which were expected, did not occur in the real transactions and they will be examined in our further research activities -to perform the deep analytical investigations on these factors particularly.
